Abstract: in epidemiology, the regression discontinuity design has received increasing attention recently and might be an alternative to randomized controlled trials (rcts) to evaluate treatment effects. in regression discontinuity, treatment is assigned above a certain threshold of an assignment variable for which the treatment effect is adjusted in the analysis. We performed simulations and a validation study in which we used treatment effect estimates from an rct as the reference for a prospectively performed regression discontinuity study. We estimated the treatment effect using linear regression adjusting for the assignment variable both as linear terms and restricted cubic spline and using local linear regression models. in the first validation study, the estimated treatment effect from a cardiovascular rct was −4.0 mmHg blood pressure (95% confidence interval: −5.4, −2.6) at 2 years after inclusion. the estimated effect in regression discontinuity was −5.9 mmHg (95% confidence interval: −10.8, −1.0) with restricted cubic spline adjustment. regression discontinuity showed different, local effects when analyzed with local linear regression. in the second rct, regression discontinuity treatment effect estimates on total cholesterol level at 3 months after inclusion were similar to rct estimates, but at least six times less precise. in conclusion, regression discontinuity may provide similar estimates of treatment effects to rct estimates, but requires the assumption of a global treatment effect over the range of the assignment variable. in addition to a risk of bias due to wrong assumptions, researchers need to weigh better recruitment against the substantial loss in precision when considering a study with regression discontinuity versus rct design. (Epidemiology 2016;27: 503-511) R andomized controlled trials (rcts) are the reference standard to demonstrate the efficacy of medical interventions. However, recruitment of sufficient numbers of patients is a challenge in rcts, and becomes increasingly difficult due to regulatory requirements. including participants is particularly challenging when the effect of an intervention on an outcome is of interest, but withholding treatment is considered unethical. also, patients may not want to be randomized 1,2 or physicians are not willing to include patients. 3 it is estimated that between only 3% and 5% of all eligible adult cancer patients in the United Stated and the United Kingdom enroll in rcts, partly due to dislike of the concept of trials and the idea of randomization of both patient and clinician. 4 low recruitment rates in trials are also common in other fields, especially in surgery 5, 6 and elderly 7,8 research. Failure to achieve recruitment goals limits statistical precision, leads to an increase of costs, and decreases the efficiency of a rct. 9 even when investigators enroll an adequate number of participants, they rarely do so on schedule. 3, 10, 11 Second, low recruitment rates threaten the generalizability of the findings in rcts. Patients enrolled in trials may poorly represent the population of interest. 8, 12 Mostly women and elderly are underrepresented in rcts. 8, 13 an alternative epidemiologic design to assess effectiveness of medical treatment is the quasi-experimental "regression discontinuity" design. this design is common in the social sciences, and was introduced in public health and medicine in 1996.
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14 although in other fields regression discontinuity has been evaluated, [15] [16] [17] [18] [19] [20] recently Vandenbroucke and le cessie, 21 Bor et al., 22 and O'Keeffe et al. 23 noted the importance of studying the feasibility and robustness of this design in clinical settings. in the regression discontinuity design, treatment is not allocated randomly, but is assigned to a subset of patients, based on a threshold of a baseline characteristic. the control group consists of a subset of patients below the threshold, not receiving treatment. the threshold variable does not necessarily have to be prognostic for the outcome measure assessed in the study, e.g., all patients with a baseline blood pressure (BP) over 140 mmHg may receive treatment (intervention group) and patients with a baseline BP below 140 mmHg do not receive treatment (control group). Such treatment allocation closely resembles clinical practice and may thus facilitate easier recruitment of participants into a prospective, comparative study. Due to the assignment rule, rDs can achieve balance on unobserved factors, just like in an rct. When estimating the treatment effect, a regression analysis compares treated to control patients, while adjusting for the assignment variable, in this example baseline BP. regression discontinuity provides a possible opportunity for obtaining unbiased causal effect estimates, when experiments are not feasible or when we want to evaluate interventions under "real-life" circumstances. 24 the regression discontinuity as a prospective quasiexperimental study might be attractive because the challenges of the randomization process are avoided. However, the estimates from a quasi-experimental regression discontinuity might be different and substantially less efficient compared with an rct. We aimed to assess validity of this design as a prospective quasi-experimental design compared with a traditional rct, because this has not been discussed in detail in the epidemiologic literature. in this study, we perform simulation studies and analyze data from two large cardiovascular rcts as validation studies.
METHODS

Monte Carlo Simulations
We used Monte carlo simulations to compare regression discontinuity and rct. One hundred patients were simulated with a hypothetical mean prognostic measurement of 10 and a SD of 2. the mean outcome was 90 (SD, 20) and was normally distributed. a treatment effect of −10 was simulated. linear correlations of the prognostic measurement with outcome were varied (R 2 : 0.0, 0.2, 0.5, and 0.8) to assess the importance of the prognostic strength of the adjustment model in the regression discontinuity.
For the rct, treatment was allocated at random, and sample size was 100 patients in total (50 per arm). in the regression discontinuity setting, treatment was assigned to 50 patients with a prognostic measurement above 10; 50 patients with a prognostic measurement below 10 were used as controls. For both the rct and regression discontinuity settings, linear regression models were used to estimate the treatment effect, adjusted for the baseline variable both in a linear term and a restricted cubic spline term. the regression discontinuity setting was also analyzed with local linear regression analysis. in local linear regression, only patients around the threshold are used in the analysis to estimate a local treatment effect, while normal regression uses all patients, resulting in a global, or average, treatment effect estimate. treatment effect estimates were compared in terms of bias (expressed as mean estimated treatment effect) and precision (expressed as mean squared error of the treatment effect estimate). the simulation code is provided in the eappendix (http://links.lww.com/ eDe/B44).
Validation Study
two cardiovascular trials were used to validate the regression discontinuity in empirical data. the "Prevention of Dementia by intensive Vascular care" study (preDiVa) is an ongoing cluster-randomized trial to assess the efficacy of a multicomponent, nurse-led intervention targeting all cardiovascular risk factors in an elderly population (70-78 years). the study protocol has been approved by the medical ethical committee of the academic Medical centre. 25 the primary outcome of this rct is incident dementia during 6 years of follow-up. Of 3,533 patients enrolled, 1,894 are in the intervention and 1,639 in the control group. as this rct is ongoing, we randomly sampled 3,000 patients from the enrolled patients.
the second rct was the "PrOspective Study of Pravastatin in elderly (70-82 years) individuals at risk of vascular disease" (PrOSPer). it was conducted between December 1997 and May 1999 and enrolled 5,804 patients, who were assigned to pravastatin (n = 2,891) or placebo (n = 2,913) to reduce the risk of coronary disease in elderly individuals. 26 to validate the regression discontinuity, we used continuous measures collected during follow-up, which were not the primary endpoints of the trials, as the outcome variable. to evaluate the influence of the choice of the assignment variable on the estimates, we did multiple analyses using two different baseline measures. For preDiVa, both age and the BP at baseline were used as the assignment variable and the BP at 2-year intermediate follow-up as outcome. Both BP measures were calculated as the mean of two systolic BP measurements during a visit (expressed in mmHg). BP data at 2 years were unavailable for part of the 3,000 randomly selected patients, mostly because they reached a clinical endpoint before 2 years, or missed one study visit. We could hence include 2,346 patients for analysis. For PrOSPer, we considered total cholesterol level measured 3 months after inclusion (expressed in mmol/l) as the outcome and both age and total cholesterol at baseline as the treatment assignment variables. after exclusion of patients with missing 3-month total cholesterol, we were able to analyze 5,581 patients from PrOSPer.
Statistical Analysis
Baseline characteristics were described with standard descriptive statistics; median and interquartile range for continuous variables and frequencies and percentages for categorical variables.
to analyze the data as an regression discontinuity design, we selected those patients with a value of the assignment variable above a certain threshold treated as the intervention group, and those with a value below that threshold and not treated as control group. this thus led to a sample of approximately half the trial population. in both trials, we used a threshold of the assignment variable known to be used in clinical practice 27, 28 (e.g., BP > 140 mmHg), or, if not available, a hypothetical threshold (e.g., age > 72 years). Histograms of the assignment variables in both preDiVa and PrOSPer are shown in the eappendix 1 (http://links.lww.com/eDe/B44). in this patient selection, the treatment effect was estimated using a linear regression model, with adjustment for the assignment variable (Y ~ tx + baseline assignment variable). We further analyzed a hypothetical different cutoff to assess the robustness of the treatment effect estimate to the chosen cutoff. in other words, whether the treatment effect was global or local. Usually this would not be possible in regression discontinuity as the cutoff is determined in advance.
analysis on these sets of patients was compared with a random sample (repeated 5,000 times) of half of the of the rct patients. to compare relative efficiency in terms of required sample size between the different approaches we used standard errors (Ses) of the estimated treatment effects in the following formula: (Se regression discontinuity /Se rct ) 2 . this is the ratio of variances in both designs.
as the validity of the regression discontinuity is dependent on proper adjustment for the assignment variable, we explored the relation between the assignment variable and outcome in detail. We assessed nonlinearity with nonlinear restricted cubic spline functions and interaction between the baseline assignment variable and the treatment effect. Both were presented graphically (Figure a, B) . a restricted cubic spline function is a smooth function that consists of pieced-together cubic splines that are restricted to be linear in the tails. 29 We used the default setting for flexibility of the model with five knots. 30 consequently we used the restricted cubic spline of the assignment variable in the adjustment model to obtain the optimal model fit for adjustment. this method was compared with local linear regression models for the adjustment of the baseline variable. all analyses (rct and regression discontinuity) were adjusted for the assignment measurement that was used to assign treatment; both age and baseline BP in preDiVa and both age and baseline cholesterol in the PrOSPer trial. R 2 statistics were calculated to indicate the explained variance of the assignment model.
We further explored different assumptions on interaction between the assignment variable and treatment. We assumed no interaction between age and treatment in both studies. therefore, we considered the treatment effect estimates in the regression discontinuity studies in which treatment was assigned on age, global treatment effects. We compared these treatment effect estimates to the global effect estimated in the rct. the treatment effect estimates from the regression discontinuity studies, where treatment was assigned on baseline BP and baseline total cholesterol level, could be considered as local treatment effects, because we assumed interaction between treatment over both baseline BP and baseline cholesterol level. therefore, we compared these estimates to the local effects in the rct, estimated with restricted cubic spline adjustment. these estimates are the differences between the treated and untreated lines in Figure  a , B. treatment effects were estimated using linear regression and expressed as regression coefficients with 95% confidence intervals (95% cis) for BP or cholesterol level in the treatment group compared with the controls.
all statistical analyses were performed in r statistical software version 2.15.3 (r Foundation for Statistical computation, Vienna, austria) using the rdd package and Harrell's rms package.
RESULTS
Simulations
Simulations showed that under the ideal situation of a linear relation between the assignment variable and the outcome, no unmeasured confounders, and no treatment effect interaction, regression discontinuity provided unbiased treatment effect estimates all scenarios (table 1) . However, regression discontinuity with linear adjustment resulted in substantially less precise effect estimates compared with the rct. For instance, in the hypothetical setting with an R 2 of 20% for the correlation of the assignment measurement with outcome, the mean squared error of the estimated treatment effect estimate in an rct was 3.2 compared with 9.0 in the regression discontinuity design. in this example, this means that when the regression discontinuity is used and the analysis matches the underlying true model, triple the number of patients are required to obtain the same statistical precision as when using an rct. this magnitude of (in)efficiency was consistent for all simulated correlations between the assignment measurement and outcome. regression discontinuity estimates adjusted with restricted cubic splines were seven times less efficient than the rct estimates analyzed with restricted cubic splines. When analyzing regression discontinuity with local linear regression, the estimated were on average 1.4 times less efficient than analyzing regression discontinuity with restricted cub spline adjustment (table 1) .
Validation Study
in the validation study, we assessed BP in 2,346 patients from the preDiVa trial. the median age was 74 years (interquartile range [iQr]: 72, 76) and the median BP at baseline was 153 mmHg (iQr: 140, 168). We analyzed 5,581 patients from the PrOSPer trial, who had a median age of 74 years (iQr: 72-77 years) and a median total cholesterol level of 5.6 mmol/l (iQr: 5.0, 6.3) at baseline (table 2). in the rct design, the treatment effect estimate on BP at 2 years adjusted for baseline BP was −4.0 mmHg (95% ci: −5.4, −2.6; table 3). the adjusted estimated effect was −5.9 mmHg (95% ci: −10.8, −1.0) with the hypothetical regression discontinuity, adjusted for BP as restricted cubic spline variable. Here, patients with a BP over a baseline BP of 140 mmHg would receive treatment and patients with a lower BP would not receive treatment. an additional analysis of a hypothetical regression discontinuity design in which patients with a BP of 160 mmHg would receive treatment and the higher baseline BP patients not adjusted with a restricted cubic spline showed a treatment effect estimate of −5.9 mmHg (95% ci: −11.4, −0.3; table 3).
in the preDiVa trial, there appeared to be a different treatment effect for patients with relative low baseline BP compared with high baseline BP, indicating statistical interaction (Figure a) . this explains the different effect estimates in the regression discontinuity setting with treated high-risk patients and low-risk controls compared with the rct estimate. When the treatment effect was analyzed with local linear regression, the intervention effect estimates in the two regression discontinuitys were more different than the rct estimate: −9.3 mmHg (95% ci: −18.5, −0.1) for the setting with the cutoff at 140 and −10.2 mmHg (95% ci: −21.0,0.6) for the setting with the cutoff at 160 mmHg (table 3) . Figure c shows the interaction between treatment and age. a global effect of treatment over the age range was assumed. the estimates from the regression discontinuity analyzed with restricted cubic splines showed more similar estimates for the different cutoffs and these were closer to the estimate from the rct (−0.66 [−6.44, 5.12], −2.71 [−7.16, 1.74]).
in the PrOSPer trial, the estimated treatment effect on total cholesterol level at 3 months in the rct, adjusted for baseline total cholesterol level was −1.31 mmol/l (95% ci: −1.35, −1.27). in a hypothetical regression discontinuity, we used a threshold of 5.0 mmol/l for treatment assignment. the treatment effect estimate in PrOSPer was beneficial over the whole range of baseline total cholesterol level, but differed in magnitude ( Figure B) . analysis with local linear regression showed different treatment effect estimates: −1.04 mmol/l (95% ci: −1.16, −0.93) with the cutoff at baseline BP of 5.0 and −1.29 mmol/l (95% ci: −1.40, −1.18) with the cutoff at baseline BP of 5.5 mmol/l (table 4). analysis with restricted cubic spline adjustment in regression discontinuity in PrOSPer showed only slightly different treatment effect estimates compared with the results from the regression discontinuity setting analyzed with local linear regression (table 4).
in the hypothetical regression discontinuity in PrOSPer with assignment on the age variable, both analyses with local linear regression and normal linear regression with adjustment for age as a restricted cubic spline variable showed similar treatment effect estimates compared with the estimates from the rct (table 4) . this is consistent with Figure D , which shows a constant effect of treatment over the whole range of age.
in terms of statistical precision, the regression discontinuity with restricted cubic spline adjustment was one to four times less efficient than the adjusted rct for the local effects estimated, and six to 12 times less efficient for the global effects estimated in regression discontinuity compared to the rct (eappendix; http://links.lww.com/eDe/B44).
DISCUSSION
in this study, we performed simulation studies and analyzed data from two large cardiovascular rcts with the aim to assess the validity of the regression discontinuity as a prospective quasi-experimental design compared with a traditional rct. in the simulations studies, we found unbiased but substantially less precise treatment effect estimates from an regression discontinuity compared with an rct design.
in the two validation studies, we found somewhat different results. in the case of the treatment assignment on baseline BP and baseline cholesterol level, we assumed treatment effect heterogeneity over the baseline assignment variable. therefore, we assumed the treatment effect estimates in these rDs to be local. the estimates from the analyses with local linear regression are not comparable with the rct estimates in terms of bias because these effects are local, in contrast to the global rct estimates. in terms of statistical precision, the regression discontinuity with restriction cubic spline adjustment was one to four times less efficient than the adjusted rct for the local effects estimated.
When treatment was assigned on the age variable, we assumed no interaction between age and treatment. therefore, the treatment effect estimate for the regression discontinuity analysis was assumed to be a global treatment effect. estimates from the analyses with flexible functions (restricted cubic splines) to obtain an optimal fit of the adjustment model were comparable with the rct estimate. in PrOSPer, the treatment effect estimates were consistent over the different cutoffs, which confirms the assumption of no interaction. in preDiVa, the estimates were quite different over the different numbers are the median (iQr) or frequency (%).
cutoffs. this gives the impression that there is interaction and that the treatment effects are local over the baseline age range. Furthermore, we found that sample size needs to be at least six times larger to make regression discontinuity as precise as an rct to estimate global treatment effect estimates.
Position of Regression Discontinuity Design in Epidemiology
the main goal of our study was to assess the regression discontinuity as a prospective design, and compare it with an rct design. the regression discontinuity could be implemented as an observational study design, but we focused on the situation of prospective enrollment of patients, with a predefined cutoff. While estimation of treatment effects with retrospectively collected data could be hampered by selection bias and confounding by indication, which is difficult to fully control because unmeasured confounding cannot be accounted for ("residual confounding"), in the prospective application of the regression discontinuity the confounding variable is measured and controlled by design.
Local or Global Treatment Effect and Model Specification
a very important question in designing a regression discontinuity study is whether a global or a local treatment effect should be assumed. the assignment variable in an rct is random allocation and therefore would not interact with treatment in an rct. this results in a global or average treatment effect. in contrast, the assignment variable in regression discontinuity could interact with treatment. therefore, the estimated effect is not always a global effect, but a local treatment effect estimate. Only when the assumption of no interaction between the baseline assignment variable and treatment can be made, the estimated effect of regression discontinuity can be interpreted as a global treatment effect. Our analyses with normal linear regression models with restricted cubic spline adjustment assume such a global treatment effect. in our rct data, we could test the assumption of no interaction as we had treatment and control patients across the complete range of the assignment variable. in practice, however, this assumption cannot be tested in rDs, as treatment and control patients have no overlap in the assignment variable.
When the aim is to estimate the treatment effect on a certain threshold value of the assignment variable, local linear regression should be used. this estimate will be unbiased for that certain cutoff, but it is only valid for a small subset of patient around the cutoff and is not generalizable for the whole population.
thus, if one aims to estimate an overall treatment effect from regression discontinuity, using a normal regression model is preferred over local linear regression, as supported by our finding that the treatment effect estimates from regression discontinuity with restricted cubic splines more were more similar to the rct estimate than the local linear regression estimates. However, this could be expected because local linear regression uses only data around the cutoff, while normal regression uses all data, as happens in the rct. in fact the local linear regression and restricted cubic splines estimates cannot be judged as more or less biased. they estimate a different effect (global or local) and their validity is dependent on the assumptions made. in our case of BP, the assumption of no interaction was not met: graphical inspection showed qualitative treatment effect heterogeneity (Figure a) . the intervention is a multicomponent intervention tailored according to patients' risk profile, and the intensity of the intervention (both medical and lifestyle) is thus higher for participants with a higher risk profile. 25 this difference in intensity might explain the interaction of treatment with baseline risk for outcome, i.e., a stronger effect in patients with higher baseline risk. this led to a different treatment effect when we misspecified the adjustment model.
Optimal modeling of the effect of the assignment variable is extremely important in regression discontinuity. We used restricted cubic spline functions and local linear regression. restricted cubic spline functions are attractive for their flexibility with low degrees of freedom. they are not driven by extreme values in both ends of the fit, which is an advantage over ordinary cubic spline functions. 29 We suggest that flexible functions should be used for optimal adjustment because this function accounts for differential effects of the baseline variable that is used as the assignment variable, on outcome.
Choice of Regression Discontinuity Versus Randomized Clinical Trials
requirements for informed consent for clinical trials are often more stringent than for treatment outside of the setting of an rct. 31 Patient enrollment may hence be easier due to avoidance of the randomization process. More lenient inclusion criteria and easier enrollment when using the regression discontinuity design most likely will result in more representative cohorts for analysis. a regression discontinuity is attractive when random assignment of treatment is problematic or not possible. this may occur when a medical intervention is already standard practice for a part of the patients in clinic but the effectiveness has not yet been assessed. For instance, the effect of BP and cholesterol lowering on incident dementia has only been studied in rcts using dementia as a secondary outcome and with inconclusive results. 32 at present performing such rcts is no longer considered ethical, as there is a clinical imperative to treat those with high BP and cholesterol. However, there is circumstantial evidence that there is a beneficial effect of BP reduction on dementia risk, which is not translated to clinical guidelines in the absence of evidence to substantiate this claim. in this situation, regression discontinuity could be a solution to assess a treatment effect using less affected patients for whom an intervention is not deemed indicated as control patients. in fact, because this strategy already closely resembles clinical practice, it may well be feasible to include a number of participants in such a trial that is six-to 12-fold higher than in a classical rct. adherence to assignment of treatment according to the threshold value is crucial, and both participating clinicians and patients should therefore be well aware that they are participating in a comparative study. a possible threat when using a regression discontinuity is selection bias near the threshold value. When physicians selectively treat patients just below the threshold value and vice versa, selection bias occurs due to confounding by indication. it is thus very important to avoid such protocol violations in a prospective regression discontinuity study.
Strengths and Limitations
a limitation of this study is that in the simulation study, we assumed the ideal condition of a linear treatment effect and no residual confounding, which may not reflect real life practice. However, we showed that even in such an ideal setting regression discontinuity is less efficient than rct. Furthermore, we only studied continuous outcomes and therefore cannot draw conclusions on the performance of the regression discontinuity for dichotomous outcome parameters. the relative inefficiency may be different for such settings. Furthermore, we assessed the regression discontinuity in rct data, in which we artificially set the threshold. this results in perfect adherence to the defined threshold, which is unlikely to occur in real life.
On the other hand, the possibility to change the cutoff was a major strength in our study. We were able to study interaction by varying the cutoff, which would be impossible in a "real" regression discontinuity. Moreover, with the rct data, we were able to study the effect of different hypothetical variables to assign treatment, which is a unique feature of this study.
there might be measurement error in the assignment variable. Many claim that regression to the mean caused by such measurement error is a possible threat to the validity of regression discontinuity.
14 a high baseline measurement will on expectation regress down to a lower value and a low baseline measurement will on expectation regress up to a higher value. However, as this will occur equally on both sides of the cutoff in the assignment variable, the measurement error in the end will be irrelevant for the correct estimation of the treatment effect. 21 
CONCLUSION
We conclude that the regression discontinuity has perfect theoretical validity and may have reasonable validity in real life situations compared with rct. regression discontinuity may provide similar estimates of treatment effects to rct estimates, but requires the assumption of a global treatment effect over the range of the assignment variable. controlling for the assignment variable is essential and may be achieved by an optimal fit of the adjustment model, with for example restricted cubic splines when the assumption of a global treatment effect over the range of the assignment variable can be made. regression discontinuity is, however inefficient, requiring sample sizes which are over six times higher than for conventional rcts to obtain the same statistical precision for a global treatment effect estimate. When considering a study with regression discontinuity versus rct design, in addition to a risk of bias due to wrong assumptions, researchers need to weigh better recruitment against the substantial loss in precision.
